Rotating machinery has extensive industrial applications, and rolling element bearing (REB) is one of the core parts. To distinguish the incipient fault of bearing before it steps into serious failure is the main task of condition monitoring and fault diagnosis technology which could guarantee the reliability and security of rotating machinery. e early defect occurring in the REB is too weak and manifests itself in heavy surrounding noise, thus leading to the inefficiency of the fault detection techniques. Aiming at the vibration signal purification and promoting the potential of defects detection, a new method is proposed in this paper based on the combination of singular value decomposition (SVD) technique and squared envelope spectrum (SES). e kurtosis of SES (KSES) is employed to select the optimal singular component (SC) obtained by applying SVD to vibration signal, which provides the information of the REB for fault diagnosis. Moreover, the rolling bearing accelerated life test with the bearing running from normal state to failure is adopted to evaluate the performance of the SVD-KSES, and results demonstrate the proposed approach can detect the incipient faults from vibration signal in the natural degradation process.
Introduction
Rotating machinery has various applications in modern industries such as wind power, marine, and helicopter among which rolling element bearing is one of the most commonly used components to support the rotating parts. Unfortunately, according to the surveys conducted by the electric power research institute, the REB-related faults account for 40% failures in induction motors [1] and 64% of gearbox failures [2] . e occurrence of any REB defects, as well as the performance deterioration, affects the working performance of other parts and thus causing a deficiency of the entire machine, unscheduled shutdowns, economic loss, and even industrial casualties [3] .
erefore, it becomes significant to implement effective techniques to monitor the condition of bearings.
e in-time failure detection of bearing can ensure the reliability and security of the machinery and personnel security as well.
ere are several data acquisition techniques commonly applied to get health information about the working state of bearing such as acoustic measurement, temperature monitoring, oil debris analysis, and vibration monitoring.
In addition, the vibration-signal-based techniques are extensively adopted in the industry for kinds of rotating equipment since they contain most information and are proven to be an efficient tool for bearing fault diagnosis [4] . e vibration signal can be obtained through the bearing housing or cast at a low cost, which makes the vibrationbased fault diagnosis techniques more popular. A fault vibration signal of REB is assumed to be a series of impulses with quasiperiodic damping components, which is also overwhelmed by surrounding noises and contaminated due to rotating speed [5] , gear noises, etc. ese impulses are generated due to the passing of rolling elements over the defected zone. During the early stage of fault development, the background vibration and noise are so strong and bury the fault-related impulses, which makes it difficult to carry out vibration-signal-based fault diagnosis.
erefore, reliable signal processing methods are under high demand to extract and distinguish the fault features manifested in the raw signals with high accuracy promptly.
Various studies have implemented diagnosis algorithms using advanced signal processing techniques to enhance diagnostic performance. For machinery fault diagnosis based on vibration, there are two main steps, i.e., feature extraction and pattern recognition. With respect to REB vibration signals, plenty of methods based on time domain, frequency domain, or time-frequency analysis are proposed such as envelope analysis [6] , spectral kurtosis [7] , wavelet transform [8] , empirical mode decomposition [9] , and Hilbert-Huang transform [10] .
e SVD method has promising application in signal processing and has been extensively used in many modern fields such as image processing, noise elimination [11] , sensor anomaly detection, and fault-related feature extraction [11] [12] [13] . e singular values (SVs) are commonly used to form characteristic feature vector based on which the fault identification can be realized [12, 13] . By applying SVD to the instantaneous amplitude matrices, which is obtained by using Hilbert-Huang transform (HHT) to rolling bearing signals, singular value vectors were considered as the fault features [10] . Moreover, singular spectrum analysis (SSA), derived from SVD, is a nonparametric technique of time series analysis which is based on multivariate statistics and decomposes a signal into several independent components whose sum gives the origin signal [14] . Muruganatham et al. [15] decomposed the acquired vibration signals into an additive set of principal components by implementing SSA and the SVs of the selected number taken as fault features, which were fed to artificial neural network for the purpose of automated fault diagnosis. Quaternion singular spectrum analysis (QSSA), improved by using convex optimization, was proposed to analyze multidimensional channel signals, and in addition, artificial signal as well as the public dataset verified the effectiveness of the QSSA [16] . Additionally, performance evaluation of feature extraction of SSA for ball bearing vibration signals has been done where the singular value ratio (SVR) spectrum was introduced to make a good local identification on the periodic component [17] . To the best of the authors' knowledge, SVs and SVR in these literatures were based on signal energy which may tend to emphasize the high energy regular components while ignoring faint feature induced by early fault [18] . In addition, the effect of each single SC to the accumulative SC is less considered but worth of a trial, which is the very issue of our scheme and evaluated by kurtosis of SES amplitudes from frequency domain. In summary, vibration signal can be decomposed into a set of SCs for further analysis in REB fault diagnosis.
Due to the fast computation efficiency and excellent performance to indicate impulsiveness in the vibration signal, kurtosis is commonly regarded as an object function for fault diagnosis [19] . Moreover, kurtosis-based indexes have been employed to enhance the available techniques in rolling fault diagnosis, such as spectral kurtosis [20, 21] , kurtogram [22] , and protrugram [23] . e protrugram method, proposed by Barszcz and JabŁoński [23] , utilizes kurtosis of envelope spectrum amplitudes to describe the cyclostationarity and further selects optimal resonant frequency band as well as to detect transient impulses with vibration signal in low signal-tonoise ratios. Antoni [24] proposed the SE infogram and SES infogram based on the negentropy of the squared envelope and the SES, respectively. Besides, most of the available diagnosis approaches of REB present the fault characteristic frequency by the envelope spectrum, and kurtosis of SES can reflect the spectrum potential to convey fault information which is on the basis that kurtosis value increases when obvious fault characteristic frequency (FCF) and its harmonics emerge in spectrum. In other words, kurtosis value of SES is big if the apparent FCF can be observed in envelope spectrum. Motivated by thoughts of protrugram and SE, SES infogram, the kurtosis of squared envelope spectrum amplitudes, is employed to evaluate the effect of each SC to the final one, which is expected to extract incipient fault from REB vibration signal.
Based on the above introduction, a new scheme named SVD-KSES, selecting the optimal SC during the SVD process based on kurtosis of squared envelope spectrum amplitudes is proposed in present work. Firstly, the raw vibrational signal of fault bearing is decomposed into several SCs by performing Hankel matrix SVD, and each SC in time series format is obtained as well. en, SES of each SC is obtained, as well as the corresponding kurtosis values. Furthermore, the maximum of the kurtosis values is picked out, and the ASC in accordance with the maximal kurtosis value can be regarded as the optimal one for further envelope analysis. Since SVD-KSES is mainly based on matrix calculation, it would be a time-saving approach which could provide timely detection of bearing failure. A numerical simulation of fault bearing vibration signal and public dataset from a test-to-failure experiment is adopted here to evaluate the efficiency of the proposed method.
Hereafter, this paper is organized as follows: introduction is given in the Section 1. Section 2 reviews the related theoretical basis.
e SVD-KSES is illustrated in Section 3 along with its detailed process. Numerical simulation is conducted in Section 4, in which SVD-KSES is employed to a fault vibration signal with outer race defect. Following this, the experimental verification is carried out in Section 5. Finally, the conclusions are given in Section 6.
Review of the Theoretical Backgrounds
e acquired vibration signal can be regarded as a time series which cannot be fed into SVD directly. In present work, the Hankel matrix is applied to convert temporal vibration signal into matrix form.
Principal of SVD and Hankel Matrix Construction.
Generally, the SVD is a linear algebra technique to achieve matrix transformation by which any given matrix X(a × b) can be decomposed into three matrices U, Σ, and V as equation (1), and its detailed forms are shown in equation (2) .
where U(a × a) and V(b × b) are orthogonal matrices and Σ is a (a × b) diagonal matrix constituted of singular values σ 1 , σ 2 , σ 3 , . . . , σ b in decreasing order as equation (2) e principal of SVD noise elimination is to preserve the dominative SCs corresponding to the bigger SVs in the SVD partition of vibration signal based on the fact that white Gaussian has low cross correlation while faultinduced signal has high cross correlation.
Vibration signal should be firstly reshaped into a matrix as a preparation for SVD, and Hankel matrix is the one extensively used. Furthermore, Hankel-matrix-based SVD is widely used due to its zero-phase shift property and similar characteristics to wavelet transform, thus it is adopted here to achieve the pretreatment [25] . Given a measured signal
, its Hankel matrix can be rewritten as follows:
where a � N − b + 1.
Squared Envelope Spectrum.
Hilbert-transform-based envelope analysis is one of the widely used approaches to present the fault characteristic frequencies in bearing fault diagnosis. e envelope signal E(t) of original signal x(t) can be obtained by regarding the amplitude of the analytical signal derived from x(t) as the real part and its Hilbert transform as the imaginary one. Performing the fast Fourier transform (FFT) of the envelope signal E(t), the envelope spectrum can be obtained for further analysis.
Specifically, given a real signal x(t), the Hilbert transform h(t) � H x(t)
{ } is defined as follows [26] :
where h(t) is obtained from the convolution of the function 1/πt and the original signal x(t). As the Fourier transform of 1/πt is
e Hilbert transform can be regarded as a filter of amplitude unity and phase ±90°depending on the sign of frequency of input signal spectrum. en, the real signal x(t) and its Hilbert transform h(t) can constitute a new complex signal called the analytical signal shown in the following equation:
Moreover, envelope E(t) of the complex signal z(t) is defined as following:
Until now, the envelope spectrum can be obtained by performing the FFT spectrum analysis of the envelope signal E(t), from which some of the characteristic frequencies and their harmonics will clearly appear and those frequencies help to confirm bearing fault diagnosis.
e squared envelope (SE) is calculated as absolute squared value of the analytical signal which is obtained by Hilbert transform applied to the real signal x(t). It is assumed that an instantaneous energy fluctuation would occur as a result of the corresponding transient impulses. While the SE signal can represent the instantaneous energy variation of vibration signal, it is reasonable to employ squared envelope to capture the instantaneous energy fluctuation [24] . Moreover, existing random or discrete noise components would hinder the envelope spectrum to present informative frequencies related to bearing failure, and squared envelope is an effective way to overcome this limitation [27] . en, the SE of signal in equation (7) can be expressed as follows:
Kurtosis of the Squared Envelope Spectrum.
Kurtosis has been proven to be a very useful monitoring parameter measuring the waveform peak and sensitive to the impulse characteristics of signal in rotating machinery fault diagnosis. Generally, kurtosis represents the characteristic of signals around its mean value and characterizes the strength of transient impulses [28] and is defined as the ratio of the fourth central moment of the signal to the squared second central moment of the signal [29] , which is expressed in the following equation:
where σ and μ are the standard deviation and the mean of time series x, respectively, and E · { } is the expectation operator. e end of equation (9) "−3" is to make kurtosis of the normal distribution equal to zero. e essence of kurtosis is to indicate the peaks of the probability distribution associated to the instantaneous amplitude of the time series. To some extent, the frequency lines in SES have some similarities with temporal signal, and then kurtosis can extend its application into frequency domain and measure the information content of the envelope spectrum. Furthermore, the kurtosis of SES amplitudes outperforms kurtosis of temporal signal since the latter one is easily disturbed by noise and sensitive to random knocks [30] .
Step 1. Signal decomposition and reconstruction by SVD.
e raw vibration signal is converted into the Hankel matrix on which SVD can be performed. rough the reverse Hankel matrix construction, several SCs in time series form can be obtained which are denoted as
ese SCs are listed according to the SVs' descending order.
Step 2. Hilbert transform and squared envelope spectrum sequences.
With the Hilbert transform mentioned in Section 2.2, the squared envelope spectrum of each SC can be obtained, which is indicated by X 1 , X 2 , . . . , X n .
Step 3. Optimal SC selection and fault diagnosis of bearing.
As mentioned in Section 2, the SES provides the fault characteristic frequency along with its harmonics, and the kurtosis can reflect how much the potential the SES can convey the fault information. erefore, kurtosis of the SES amplitudes is applied here to select the optimal SC, which is expected to provide more fault information about bearing state than other ones. Since origin signal can be recovered perfectly if all the SCs are added together, the effect of each single SC to accumulative SC should be evaluated quantitatively but less under study. Intuitionally, each single SC is added to accumulative SC (ASC) one by one, and kurtosis is introduced in this process to calculate its values of both the temporal SC and the SES of ASC when new SC is added. ASC is donated by S in Figure 1 and SES of ASC by T.
Numerical Simulation and Verification
To explain the procedure and efficiency of the SVD-KSES, a numeric simulation of fault bearing signal is conducted in this section. When rolling elements run over the defect area, such as the crack occurring on bearing component, a series of impulses will be generated and thus excite the resonance of the bearing or adjacent components at a certain rate which is called "bearing characteristic frequencies." e vital issue for bearing fault diagnosis is to detect these characteristic frequencies [31] .
REB with fixed outer race is the common type used in practice and the so-called "bearing characteristic frequencies" vary according to the defect location (inner race, outer race, rolling element, and cage), the bearing structure parameters, and the machine shaft speed. According to the fault components of bearing, there are four characteristic frequencies, i.e., ball pass frequency of the outer race (BPFO), ball pass frequency of the inner race (BPFI), fundamental train frequency (FTF) related to cage speed rotation, and ball spin frequency (BSF).
e following formulas represent these frequencies [32] :
where f r is the rotating frequency of the shaft in Hz, d is the ball diameter, D is the pitch diameter, z is the number of rolling elements, and α is contact angle, respectively.
Numerical Signal.
As aforementioned, defect rolling bearing under operation generates series of impulses in the vibration signal, and these impulses could excite the structure resonance between the defect zone and the accelerometers, thus leading to periodic impulses with damping oscillation waveform in the vibration signal [33] . e fault REB vibration signal is an amplitude modulation one where fault characteristic frequency is modulated to high resonance frequency band, and one fault model commonly used to simulate the fault REB vibration signal is expressed as follows:
where x(t) is the simulated fault vibration signal, s(t) is the oscillating waveform, and n(t) denotes the background noise. A i is the amplitude modulator. M shows the number of simulated fault impulses. T 0 is the time period of impulses and τ i is the period random fluctuation which indicates minor time slips of rolling elements. e oscillating waveform s(t) can be indicated as
In equation (15), the oscillation waveform can be described as an exponential damping signal determined by parameter B and f n . B is the damping coefficient related to the speed of oscillating decay and f n is the oscillating frequency reflecting the resonance information of the system. φ is the initial phase of the signal. e amplitude modulator A i determines the fault type of rolling bearings, and its mathematical expression can be expressed as follows:
where A 0 is the amplitude constant which shows the maximum impulse amplitude when defect occurs in the rolling bearings. e defect location in rolling bearings determines the value of f m , which can be replaced by characteristic frequencies [33] . Merging equations (14) and (15), the simulated signal can be written as
For a brief and rational simulation, this part discusses the simulated vibration signal of REB with localized defect on outer race and signal accompanied by heavy noise as well. e sampling rate is 12 kHz and 2 kHz of resonant frequency. Additionally, the time length of the simulated signal is 0.68 s but only 0.4 s of the sampling time is presented in the following subsections for simplicity. e rotating speed of the bearing inner race keeps at 1772 rpm. en, according to the structure parameters of 6205-2RS JEM SKF and fundamental fault frequency formula shown in equation (13), the fault characteristic frequency can be obtained whose value is 105.5 Hz. e last term in equation (17) , n(t), is referred to heavy Gaussian noise with SNR −14 dB. With these parameters mentioned above, the simulated periodic impulses and the vibration signal with background noise are shown in Figures 2(a) and 2(b) , respectively. From Figure 2(b) , it is apparent to see the fault-induced periodic impulses completely buried by the heavy background noise and barely noticeable. While frequency spectrums of both periodic impulses and mixed signal are depicted in Figure 2 (c), the spectrum of fault vibration signal dotted by blue lines covers a wide frequency range, which seems like the one of Gaussian noise. Moreover, Figure 2(d) shows the corresponding squared envelope spectrums of the two signals, the period impulses and the mixed by heavy background noise, respectively. It is not easy to find the fault characteristic frequency or its harmonics.
en, a conclusion can be reached that the background noise is so strong that even the squared envelope spectrum provides little useful information concerning the fault. To a worse situation, the false frequency lines could emerge which would lead to wrong identification of faults.
Feasibility Illustration and Discussion.
As mentioned in above parts, the core of the SVD-KSES is to find the maximal value of kurtosis of SES and subsequently the optimal SC for further analysis. For a brief description, the simulation fault signal colored by blue shown in Figure 2(b) is fed to the proposed method, and the kurtosis values of SES are plotted by black, as well as the kurtosis of the temporal SC by red color in Figure 3 . From times of trial and by the principal of less amount of SC but maximal separation of vibration signal, 12 is set to the number of SC obtained by SVD process. Accordingly, there are 12 kurtosis values plotted in Figure 3 , and the kurtosis of SES varies when the SCs are added together one by one, and the maximal value arises when the second SC is added. Moreover, since kurtosis is applied in time domain, the kurtosis values of each temporal SC are also plotted by red line and they manifest little change, which can be explained by the fact that the impulses carried by each SC are still buried by heavy noise even when they are decomposed by SVD. erefore, the first two SCs are added together to represent the optimal one to form optimal SC for further analysis.
To evaluate the performance of proposed approach, the SES of the pure fault-induced impulses, the SES of optimal selected SC, and the SES of the mixed vibration signal are depicted in Figures 4(a)-4(c) .
e SES of pure impulses generated by fault in Figure 4 (a) can provide the reference spectrum lines which help to confirm fault information of REB. Obviously, the optimal SES in Figure 4 (b) provides clear spectrum lines, which is consistent with the corresponding line in Figure 4 (a) and has more potential to make sure there are some defects or not of the REB than the one conveyed by SES in Figure 4 (c). To highlight the SES with maximal kurtosis can be regarded as the optimal one, and the SES of the first 8 ASCs are plotted in Figure 5 , from which the spectrum line to confirm the fault of REB colored by red is more apparent than others, which is consistent with the assumption in Figure 3 . is demonstrates the practicability of the SVD-KSES again.
Experimental Verification
To investigate the efficiency of the proposed SVD-KSES for weak signal feature extraction, an experiment case collecting vibration signals of an early race defect from the natural degradation of a bearing is considered. e vibration signals were collected by the NSF I/UCR Center for Intelligent Maintenance Systems (IMS), University of Cincinnati (Cincinnati, OH, USA) [34] . As shown in Figure 6 , four test bearings (Rexnord ZA-2115) were installed on the shaft, each bearing was equipped by two PCB 353b33 ICP accelerometers from x and y directions, and the radial load of 2.7 kN was applied to the bearing 2 and 3. e shaft was driven by an AC motor through rub belts, and its speed was 2000 rpm. Eight vibration sensors could synchronously collect the vibration signal with a data acquisition of a National Instruments DAQ Card-6062E at sampling rate 20 kHz, and data length was 20480 points. A magnet was planted to collect the wearing or fault-induced debris in oil circulation. If the weight of the adhered debris or temperature exceeded a preset level, the test would be switched down automatically.
e structural parameters of tested bearing ZA-2115 and ball pass frequency outer (BPFO) of the tested bearing are listed in Table 1 .
Kurtosis is employed here as a health indictor, and the kurtosis curve of the whole service life is presented in Figure 7 , from which, the bearing running condition can be Shock and Vibration 5 divided into three stage. To make an apparent explanation, the reference line is also curved as a baseline which is calculated by the root mean square (RMS) of kurtosis values from the first 400 data points. Specifically, stage I covers near the half of the fault bearing life, and thus it can be regarded as normal operation period. Stage II lasts a relatively short time, and till the end of this stage, the kurtosis curve has a burst value, which can be regarded as a sign that the fault deteriorates obviously, and this stage should be accorded with fault degradation. In stage III, the kurtosis curves fluctuate and decline, but at the end of this stage, the kurtosis reaches a very high level, indicating the fault bearing stepping into a severe condition. In summary, the bearing in stage III is so extensively urgent that other mechanical components could suffer from abnormal or tempestuous vibration which may result in very worse situation any time, even unpredictable accidents and catastrophic failures. Consequently, stage II should be labeled as the early period of the fault development, and the end of this stage should be highly emphasized due to the burst in kurtosis curve. All in all, the in-time detection of REB fault can leave enough time to tackle the failure.
To verify the potential of SVD-KSES, stage II should be adopted here and is worth more investigation. e signal of the start and end point of this period is present in Figure 8 , and from the Hilbert envelope spectrums shown in Figure 8 , the fault characteristic frequency lines presented in Figure 8 (b) are more evident than that in Figure 8 (d) and so as to the waveforms in Figures 8(a) and 8(c) , respectively. It is further demonstrated that the start of stage II can be taken as an incipient fault signal to validate the efficiency of SVD-KSES. Intuitively, the signal at point 535 should be considered more in later illustration. Performing the SVD-KSES on the vibration signal of point 535, the kurtosis values of SES from each ASC is curved in Figure 9 . e peak arises when the second SC is added while the kurtosis of third SC waveform has a low value. According to the principle of SVD-KSES, the sum of first two SCs should give the optimal one on which the SES Figure 10 (b) has relative higher magnitude and less noise compared with other ones, which demonstrates further that the second ASC is the optimal one, and the fault characteristic frequency lines are clearly observed to confirm the outer race fault.
To validate the SVD-KSES, conventional envelope spectrum is also conducted on the vibration signal in point 535, and the results are shown in Figure 11 . Specifically, Figures 11(a) and 11(c) present the waveforms of vibration signal at point 535 and the optimal SC obtained by SVD-KSES, respectively; from the waveforms, nothing distinguishably different can be figured out by vision. e frequency lines, dotted by red and its two order and three order harmonics observed from Figure 11 (d), are so apparent that it is enough to confirm the fault type of the bearing. To further illustrate the efficiency of SVD-KSES, the signal at point 535 is also fed to fast kurtogram [35] and paved in Figure 12 , in which the optimal frequency band with maximal kurtosis value is indicated by the black rectangle.
en, the corresponding filtered signal is shown in Figure 11 (e) and its SES in Figure 11 (f) as well. e fast kurtogram method extracts the resonance frequency band but no obvious fault characteristic frequency modulation information can be observed in Figure 11 (f ) and thus leads to the inefficiency to detect bearing outer race fault. Contrastively, the same frequency lines are overwhelmed by unrelated spectrum lines or noise in Figure 11 (f ), which makes it less convincing to confirm whether there is a bearing fault existence or not than that in Figure 11(d) . In conclusion, the analysis above demonstrates the efficiency of the proposed SVD-KESE in bearing fault diagnosis, particularly the incipient fault one.
Conclusions
is paper intends to exploit the combination of SVD and SES for the detection of bearing defects and the effect of each single SC to the accumulative SC. An indicator named KSES, whose definition is the kurtosis of squared envelope spectrum amplitudes, is applied here to weigh the informative potential of SCs obtained by performing SVD to vibration signal, thus sorting the most informative one to achieve bearing fault diagnosis. In selecting process, the ASC with the maximum of the KSES is taken as the most informative one and from which the bearing fault can be identified.
e numerical simulation verifies the effectiveness of SVD-KSES, even in a heavy background noise where SNR reaches −14 dB. Moreover, the bearing run-to-failure experiment is also considered, in which the fault bearing deteriorates naturally and the vibration signals are very close to real industrial application. e results of accelerating experiment confirm that the proposed SVD-KSES can detect the bearing outer race early at point 535, which is a common moment of incipient defect reported in a lot of journal articles about early fault diagnosis. e experimental data analysis results also verify SVD-KSES's efficiency in weak fault recognition. 
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